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ABSTRACT Nowadays, social media plays an important role in receiving all kinds of information, including
customer reviews or feedback for products or services. Data generated from social media may give significant
input to a company, including, customer satisfaction. This study is conducted to assist in selecting a suitable
sentiment analysis model focusing on Malay language and social media data type in the Food and Beverages
(F&B) industry. Data were retrieved from online review platforms, using Python as the web-scraping technique.
A standard text-processing approach was adapted to clean the textual data for succeeding analysis. Eight types of
the Transformer model, namely BERT, Tiny-BERT, ALBERT, Tiny-ALBERT, XLNet, ALXLNet, Fastformer,
and Tiny-Fastformer that have been pre-trained in Malaya Documentation were used and the sentiment class is
grouped into three, namely positive, neutral and negative. Based on standard classification performance metrics,
XLNet outperforms other models with 75.96% accuracy and 78.91% AUC value. This shows that, although the
Malaya Documentation claimed that the Fastformer model has the highest accuracy for the general media social

dataset. Ultimately, XLNet is presented as the suitable model for the F&B dataset.

KEYWORDS Sentiment analysis, machine learning approach, customer reviews, social media analytics, XLNet,

Food and Beverages (F&B) reviews.

. INTRODUCTION
Due to enhancements in technology, social media data has
influenced society, employment, and beliefs due to the
massive amounts of user-generated data collected daily [1]. For
example, it is possible to gain significant business knowledge
and expertise by analyzing customer input on a product through
social media to identify problems and improve product quality.
According to [2], customer feedback should be seen as a chance
for businesses to learn something new about their products or
services. Additionally, they define it as a statement about
unmet expectations and a chance to please consumers by
enhancing the product or service [2].

Moreover, a customer has the right to complain at any time,
and taking the time to give a point of view on the product or
service signifies the consumer’s commitment to the company.
Research shows that consumers often do product research
online and compare competing products based on user
comments [3]. They define online customer reviews as
consensus product evaluations published on a business or a
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third-party website, such as a forum or community. On
websites, consumers may post reviews of items using
numerical star ratings (often using a scale of 1 to 5) and their
thoughts using text. User evaluations significantly impact
consumers’ purchase choices and the price they are willing to
pay for a product or service [3]. In other words, shoppers are
more likely to purchase from a website that includes other user
evaluations compared to the ones that do not have reviews. If
reviews are visible on social media, they are more likely to
make people feel more confident, leading to a higher
conversion rate [4].

Accordingly, companies must plan to analyze the vast
volumes of data shared on social media to gain deeper insights
into how customers perceive their competitors. At this time, the
use of technology is compulsory to ensure the data is analyzed
intelligently. Advanced analytics technologies, such as big data
platforms and artificial intelligence algorithms, can rapidly
handle and understand this data, delivering significant insights
into industry trends and customer preferences. Furthermore,

VOLUME 24(1), 2025



)

Norhazwani Md Yunos et al. / International Journal of Computing, 24(1) 2025, 28-34

using technology that involves sentiment analysis and
predictive analytics allows businesses to anticipate client wants
and change their plans dynamically [6].

For example, one of the NLP approaches, sentiment
analysis, can offer a systematic method for reading and
analyzing client comments in a relatively short period.
Sentiment analysis finds, extracts, and measures emotions from
customer-written evaluations [7]. The firm may use sentiment
analysis to determine the general perspective of the reviews,
such as whether they are more favorable or negative, without
having to read each review [8, 9].

Sentiment analysis employs two basic techniques: machine
learning and lexicon-based approaches [10]. The former
approach has garmered huge interest during the last decade, but
the latter technique has just gotten some. The machine learning
approach's effectiveness stems from its capacity to manage
huge datasets and complicated patterns, which makes it perfect
for sentiment analysis [11]. On the other hand, the lexical-
based method has grown in prominence due to its simplicity
and ease of execution [12]. Machine learning approaches, such
as deep learning and neural networks, demonstrate great
potential in analyzing big datasets and generating accurate
sentiment predictions [11]. However, the lexical-based method,
which employs preset dictionaries of sentiment-laden terms, is
more straightforward and simpler to deploy, although it may
lack the nuance obtained by machine learning models [13].

Recent advances in blended approaches, which integrate
both techniques, have led to enhanced sentiment analysis
efficiency [14]. Even though the former technique has received
attention for more than 12 years, the study of Malay words is
still lacking, and only a few models based on machine learning
approaches have been conducted for Malay words. Hence, this
research studies the performance of the existing machine
learning models that are suitable for Malay text, using the same
dataset in the food and beverage industry.

Il. MACHINE LEARNING MODELS

In this study, the performance of eight machine learning models
that employ a deep learning approach, to be specific, the
variations of the Transformer model, will be evaluated. The
transformer was proposed by Vaswani et al. [15], and since
then, other available models have been developed inspired by
Transformer. To name a few, there are BERT, Tiny-BERT,
ALBERT, Tiny-ALBERT, XLNet, ALXLNet, Fastformer and
Tiny-Fastformer. Transformers and their variants have
achieved great success in many fields [16].

A. BIDIRECTIONAL ENCODER REPRESENTATIONS
FROM TRANSFORMERS, BERT
Bidirectional Encoder Representations from Transformers
(BERT), is proposed by Devlin et al. [17]. The name BERT
reflects its foundation on the Transformer model. BERT is
engineered to pre-train profound bidirectional representations
from unlabeled text by considering the left and right context
across all layers simultaneously. Initially, the model is trained
on various unlabeled data and pre-training tasks. Initial
tweaking of the BERT model utilized pre-trained parameter
values. The labeled data from succeeding functions is then
utilized to fine-tune all parameters. Although they all began
with the same pre-trained parameters, each subsequent
assignment has its customized models.

BERT is unique because it employs a single architecture for
all tasks. It has demonstrated superior performance across
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various natural language processing applications, such as
answering questions and language comprehension [5].
Furthermore, BERT's framework enables it to record context
with greater accuracy than earlier models, greatly improving its
understanding of ambiguous language [6].

B. TINY-BERT

Tiny-BERT is one of the enhanced algorithms generated from
BERT. It is designed particularly for knowledge distillation
(KD) of transformer-based models. An innovative technique
that promises to speed up speculation, decrease model size, and
maintain accuracy makes the KD method easier to use. The KD
approach makes it simple to transfer the vast quantity of
information contained in a huge 'teacher' like BERT to a
smaller 'student' like Tiny-BERT. [20] presented a new Tiny-
BERT learning architecture with two phases based on this
notion. Transformer distillation was used throughout the first
pre-training and final task-specific learning stages.

This method assures that Tiny-BERT may supplement
BERT with task-specific data and public-domain learning.
Furthermore, Tiny-BERT has shown superior results in
different natural language processing tasks while drastically
lowering computing costs [21]. In addition, the model's
efficiency makes it appropriate for deployment on resource-
constrained devices, increasing its use in real applications [22].

C. ALBERT AND TINY-ALBERT

Lan et al. developed another upgraded model that evolved from
BERT, known as A Lite BERT (ALBERT). ALBERT is
improved in terms of variable count since it uses fewer
parameters than classic BERT while maintaining performance.
Lowering the amount of parameters helps to conserve memory
and improve training efficiency. Tiny-ALBERT is generated
from ALBERT in the same way as Tiny-BERT is derived,
which is through the Transformer distillation process. This
decrease is accomplished by parameter-sharing approaches and
factorized integrating parameterization, which preserves model
capability while consuming fewer resources [23]. Furthermore,
research has shown that ALBERT performs similarly or even
better on several NLP tasks than BERT, demonstrating its
efficiency and efficacy [24, 25].

D. XLNET AND ALXLNET

XLNet is one of the improved Transformer types. XLNet,
driven by the most recent advances in auto-regression language
modeling, solves BERT's shortcomings. During the pre-
training phase, XLNet combines the most favorable features of
augmented reality and artificial intelligence. The concept stems
from a generalization of the auto-regressive pre-training
approach, which allows for learning bidirectional contexts by
maximizing the predicted probability over all potential
factorization permutation orders [26]. This method overcomes
the limitations of masked language models by combining
permutation-based language modeling, allowing the model to
capture a more thorough grasp of context [27]. Furthermore,
this method makes use of the Transformer-XL architecture to
efficiently handle longer sequences and dependencies [28].
ALXLNet, like Tiny-BERT and Tiny-ALBERT, enhanced the
XLNet through the Transformer distillation process.
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E. FASTFORMER AND TINY-FASTFORMER

Wau et al. suggested Fastformer, another upgraded Transformer
model. Fastformer models’ global contexts with an additive
attention mechanism rather than pair-wise interactions between
tokens. This method allows the model to efficiently aggregate
information from all tokens, better capturing the broad
significance of the text [30]. Furthermore, by reducing attention
computation, Fastformer decreases computational complexity,
making it more appropriate for extended text sequences [31].
Before changing each token’s, representation based on its
interaction with global context representations, the Fastformer
benefited and performed better in lengthy text modeling [29].
Tiny-Fastformer, like Tiny-BERT, Tiny-ALBERT, and
ALXLNet, enhanced the Fastformer through the Transformer
extraction process.

ll. METHODOLOGY

A. DATA COLLECTION AND DATA PROCESSING

This section describes our approach to sentiment analysis for
online reviews in Malaysia's Food and Beverage (F&B)
business. To evaluate the performance of each model, we
analyzed evaluations from several ice cream-specific F&B
shops, such as Llaollao, Bubblebee, InsideScoop, Mokti,
Gulacakery, and Appetit Village. Web scraping techniques
were used to extract data from online review sites such as
Facebook, Google Reviews, Instagram, Shopee, TikTok, and
YouTube. This thorough methodology guarantees that the
dataset is broad and representative, allowing for a detailed
examination of sentiment analysis methodologies across
multiple platforms and brands.

Web scraping is a technique for turning unstructured
HTML data into spreadsheet format. Python is used in this
study for online scraping because of its robust, effective, and
customizable data extraction capabilities. BeautifulSoup, a
Python module that interfaces with the Natural Language
Toolkit (NLTK), parses HTML and XML files to get textual
reviews, reviewer IDs, user locations, and ratings. This
approach resulted in 2,338 review records from the selected
channels and platforms. This method produces a thorough and
organized dataset, allowing in-depth study and definitions.

The textual data was then cleaned using a typical text-
processing method in preparation for further analysis. This
included deleting special characters, extending contractions,
changing letter cases, removing stop words, and conducting
tokenization. Such preparation is critical since review data
frequently contains different noises, such as emojis,
punctuation, and incorrect capitalization or characters. By
resolving these concerns, the cleaning procedure improves data
quality, resulting in more accurate and dependable analytical
outputs.

B. SENTIMENT ANALYSIS

After the textual material has been cleaned, sentiment analysis
is performed. In this investigation, eight variants of the
Transformer model are used, each pre-trained on the Malaya
Dataset. The pre-training procedure included approximately
10,000 samples from the IIUM-Confession and Malaysian
Parliament texts, including standard Malay, social media
Malay, and Manglish, a Malay-English hybrid. The
performance of these models is then measured against the same
Food and Beverage (F&B) dataset. [32] found comparable
preprocessing procedures, which support the strategy utilized
in this investigation.
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To assess the effectiveness of these models, we employ
typical binary classification metrics as a guideline for multi-
class classification. The measures used include precision,
recall, F-measure, and accuracy. These metrics evaluate the
binary classifier's four outcomes: true positive (TP), false
positive (FP), true negative (TN), and false negative (FN). True
positive (TP) refers to appropriately determined content as
positive by the categorization technique. False negatives (FN)
occur when a classification technique mistakenly forecasts
good material as negative. True negative (TN) refers to content
that has been accurately classified as negative, but false
positive (FP) is when the approach predicts negative
information as positive, as indicated in other recent
publications [33]. Table 1 summarizes these four outcome
parameters of the binary classifier.

Table 1. Outcome parameters from the binary classifier

Predicted Class
Positive Negative
Positive TP FN
Actual Class -
Negative FP TN

In this study, a multi-class classification technique is used
to divide results into three categories: positive, neutral, and
negative. The four outcome parameters (TP, TN, FP, and FN)
are specified using their conventional definitions. Specifically,
the TP ratio is calculated from cases in which the actual class
matches the projected class. The TN value is calculated by
summing values from all rows and columns excluding the
respective class's row and column. The FP value is derived
from the sum of values in the columns corresponding to other
classes, excluding the TP value. The FN value is determined by
summing values from rows other than the TP value. Tables 2,
3, and 4 illustrate the calculation of TP, TN, FP, and FN values
for the positive, neutral, and negative cases, respectively. This
methodology aligns with recent practices in multi-class
sentiment analysis, as demonstrated by [34], who utilized
similar preprocessing techniques to ensure comprehensive and
accurate classification.

After calculating the TP, TN, FP, and FN values, the next
step is performance analysis using accuracy, recall, and F-
measure measures. Equation (1) may be used to determine the
accuracy metric, which is the fraction of precisely predicted
contents compared to total anticipated contents. The precision
metric is intended to assess the likelihood of proper sentiment
categorization.

Precision= — (D
TP + FP

The remembrance metric is the proportion of correct
projected elements to total number of contents, which may be
calculated using Equation (2). The retention metric is used to
determine the accuracy of predicted material.

TP

Recall= e 2)
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Table 2. TP, TN, FP, and FN values for the positive actual

content
. Predicted Class
Positive Case
Positive Neutral Negative
_ Positive TP FN FN
El
5= Neutral FP TN TN
< O
Negative FP ™N ™N

Table 3. TP, TN, FP and FN values for the neutral actual

content
Predicted Class
Neutral Case

Positive Neutral Negative
_ Positive TN FP TN
El
5= Neutral FN TP FN
< O

Negative TN FP TN

Table 4. TP, TN, FP and FN values for the negative actual

content
. Predicted Class
Negative Case — -
Positive Neutral Negative
_ Positive ™N ™N FP
s 3
£ 8 Neutral TN TN FP
< O
Negative FN FN TP

Performance is measured using the F-measure. The F-
measure indicates the best balance of accuracy and recall. The
average F-measure score assesses an individual's overall
performance on a scale of 0.0 to 1.0, with 0.0 indicating the
lowest possible performance and 1.0 reflecting the highest
potential performance. F-measure is calculated based on
Equation 3 [37]. To determine the accuracy of the output,
an accuracy metric is used, and it can be calculated using
Equation 4 [38]. The higher value of accuracy determines that
the sentiment classification predicts the actual polarity.

2 X Precision x Recall

Other than performance metrics, the Receiver Operator
Characteristics curve is also used to quantify the accuracy of a
model in making distinctions between classes. In this study the
Area Under the Curve (AUC) is used as a mathematical
representation of ROC. The higher value of AUC means the
classification model can dependably distinguish between true
positive and false negative [39]. This is shown from the axes,
where the x-axis represents the FP rate while y-axis represents
TP rate. The rate of false positives is determined by the
proportion of negative events that are incorrectly identified as
positive. Thus, the higher value in the x-axis shows a greater
number of false positives compared to true negatives.
Oppositely, true positive rate is an outcome where the model
correctly predicts the positive class, hence the higher value in
y-axis shows a greater proportion of true positive as compared
to a false negative. The respective model achieves optimal
performance when the AUC value is 1. On the contrary, when
the value of AUC is 0, this means that the model treats opposite
values for each actual and predicted outcome, in a simpler
explanation, the model accurately predicts the opposite output
for each data.

IV. RESULT AND DISCUSSION
The same dataset is tested in eight types of deep learning
models, namely BERT, Tiny-BERT, ALBERT, Tiny-
ALBERT, XLNet, ALXLNet, Fastformer, and Tiny-
Fastformer. Table 5 shows the summary of the performance
metric for all models. As shown in Table 5, three models give
a competitive percentage of accuracy, that is, Tiny-BERT gave
75.74%, Tiny-ALBERT gave 74.15% and XLNet gave
75.96%. From these three models, XLNet gives the higher
average percentage for all precision metrics, recall metrics and
F-measure metrics, as well as accuracy, as shown in Table 6.
In terms of AUC value, Fig. | summarizes the AUC graph
for all models. Based on Fig. 1, XL Net reported the highest
score, that is 78.91%, while the other two competitive models,
that is, Tiny-BERT gives 59.58% AUC value and Tiny-
ALBERT gives 64.31% AUC value. Two models give the
value under 50%, that is, Fastformer, 44.73%, and Tiny-

F-measure = — 3) Fastformer, 45.37%. Full AUC value for the rest of the models
Precision + Recall . .
is shown in Table 7.
TP+ TN
Accuracy= —————— G}
TP+ TN +FP + FN
Table 5. Summary of performance metrics for all models
Precision Recall F-measure
Model Accuracy
Positive | Neutral | Negative | Positive | Neutral | Negative | Positive | Neutral | Negative
BERT 72% 64% 51% 73% 76% 17% 73% 70% 26% 68.0%
Tiny-BERT 76% 75% 78% 86% 80% 16% 81% 77% 26% 75.74%
ALBERT 67% 82% 71% 95% 54% 13% 79% 65% 22% 70.71%
Tiny-ALBERT 73% 77% 59% 89% 1% 14% 80% 74% 23% 74.15%
XLNet 73% 87% 67% 95% 60% 43% 82% 71% 52% 75.96%
ALXLNet 73% 71% 69% 87% 71% 13% 79% 71% 21% 72.34%
Fastformer 65% 48% 8% 46% 69% 7% 54% 57% 7% 49.94%
Tiny-Fastformer 67% 47% 8% 51% 74% 2% 58% 57% 3% 53.76%
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Figure 1. The area under the curve, AUC, graph for all models

Table 6. Summary of average performance metrics for top
three models

Model Precision Recall F-measure
Tiny-BERT 76% 61% 61%
Tiny-ALBERT 70% 58% 59%
XLNet 76% 66% 68%

Table 7. The area under curve, AUC, value for all models

Model AUC Value
BERT 61.44%
Tiny-BERT 59.58%
ALBERT 74.76%
Tiny-ALBERT 64.31%
XLNet 78.91%
ALXLNet 59.95%
Fastformer 44.73%
Tiny-Fastformer 45.37%

Model: xlnet
True 1766
False 559

Name: xlnetout, dtype: int64
[[ 115 40 16]
[ 24 53 58]
[ 130 299 1148]]
Accuracy: 0.7595698924731182

precision recall fl-score  support

negative 0.67 0.43 .52 269
neutral 0.87 0.60 8.71 842
positive 0.73 0.95 0.82 1214
accuracy .76 2325
macro avg 0.76 0.66 0.68 2325
weighted avg 0.77 8.76 @.75 2325

Figure 2. Report of performance metric for XLNet model

Based on the overall performance, XLNet outperforms
other classifier models with 75.96% in accuracy. To be
specific, the score of positive class for each precision, recall
and F-measure were 73%, 95% and 82%, respectively. The
score of neutral class for each precision, recall and F-measure
were 87%, 60% and 71%, respectively, and the score of
negative class for each precision, recall and F-measure were
67%, 43% and 52%, respectively. Details of these scores is
shown in Fig. 2.
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As achieved in performance metric, XLNet also reported
the higher value for AUC, that is 78.91%. As shown in Fig. 3,
the AUC score for XLNet heading towards value of 1, in other
words, towards the optimal value.

Tue Positive Rate
°
Fs

02

—— AUC=0.7890523401598808
00 Random

00 02 04 06 08 10
False Positive Rate

Figure 3. The area under the curve AUC, resulted from XLNet

VI. CONCLUSIONS

This study evaluates various deep learning models for
sentiment analysis in the Food and Beverages (F&B) industry,
with a focus on ice cream-related datasets. We assessed eight
Transformer-based models: BERT, Tiny-BERT, ALBERT,
Tiny-ALBERT, XLNet, ALXLNet, Fastformer, and Tiny-
Fastformer. Our analysis shows that XLNet outperforms the
other models, achieving an accuracy of 75.96% and an AUC of
78.91%. This indicates that XLNet excels in both precise
classification and distinguishing between sentiment categories.

XLNet's superior performance is attributed to its innovative
use of autoregressive language modeling combined with auto-
encoding. This hybrid approach allows XLNet to effectively
capture contextual information while addressing the limitations
of previous models. In contrast to the other models, which
either had lower accuracy or AUC scores, XLNet’s robustness
in handling the complexities of sentiment analysis in social
media reviews highlights its suitability for this task.

Overall, XLNet demonstrates significant advantages in
both classification accuracy and model reliability, making it the
preferred choice for sentiment analysis in the F&B sector,
especially for datasets related to the ice cream domain.

ACKNOWLEDGEMENTS

The authors would like to thank Centre for Research and
Innovation Management (CRIM) at Universiti Teknikal
Malaysia Melaka (UTeM) for sponsoring this work under the
Grant Tabung Penerbitan Fakulti dan Tabung Penerbitan
CRIM UTeM.

References

[1] W. He, S. Zha, and L. Li, "Social media competitive analysis and text
mining: A case study in the pizza industry," Int. J. Inf. Manag., vol. 33,
no. 3, pp. 464-472,2019. https://doi.org/10.1016/j.ijinfomgt.2013.01.001

[2] X.LiuandR. A. Lopez, "Customer feedback analysis: Opportunities and
challenges for modern businesses," J. Bus. Res., vol. 123, pp. 456-467,
2021.

[3] A. Bauman, L. Tinguely, and C. Gros, "Product reviews and consumer
behaviour," Electron. Commer. Res. Appl., vol. 23, pp. 56-67,2017.

[4] A. B. Rosario, F. Sotgiu, K. D. Valck, and T. H. A. Bijmolt, "The effect
of electronic word of mouth on sales: A meta-analytic review of platform,
product, and metric factors," J. Mark., vol. 84, no. 2, pp. 16-34, 2020.

[5] D. Chaffey and F. Ellis-Chadwick, Digital Marketing: Strategy,
Implementation and Practice, Pearson, 2022.
https://doi.org/10.4324/9781003009498-10

VOLUME 24(1), 2025



Norhazwani Md Yunos et al. / International Journal of Computing, 24(1) 2025, 28-34

)

(6]

(7]

[10

=

(1]

[12

—

[13]

[14]

[15]

[16]

[17

—

[19]

[20]

[21

—

[22

—

[23

—

(28]

[29]

[30]

P. Mikalef, R. Van de Wetering, and J. Krogstie, "Building dynamic
capabilities by leveraging big data analytics: The role of organizational
inertia," Inf. Manag., vol. 57, no. 2, p. 103174, 2020.

K. Lipianina-Honcharenko, T. Lendiuk, A. Sachenko, O. Osolinskyi, D.
Zahorodnia, and M. Komar, "An intelligent method for forming the
advertising content of higher education institutions based on semantic
analysis," in Int. Conf. Inf. Commun. Technol. Educ. Res. Ind. Appl.,
Cham: Springer International Publishing, 2021, pp. 169-182.
https://doi.org/10.1007/978-3-031-14841-5 11

R. Gramyak, H. Lipyanina-Goncharenko, A. Sachenko, T. Lendyuk, and
D. Zahorodnia, "Intelligent Method of a Competitive Product Choosing
based on the Emotional Feedbacks Coloring," IntelITSIS, vol. 2853, pp.
246-257,2021.

K. Lipianina-Honcharenko, C. Wolff, A. Sachenko, O. Desyatnyuk, S.
Sachenko, and 1. Kit, "Intelligent Information System for Product
Promotion in Internet Market," Appl. Sci., vol. 13, no. 17, p. 9585, 2023.
https://doi.org/10.3390/app13179585

S. Shamsudin, R. Hassan, and N. Zahari, "Sentiment analysis: Review of
methods and applications," Int. J. Adv. Sci. Eng. Inf. Technol., vol. 5, no.
4, pp. 324-331, 2015.

B. Liu, M. Hu, and J. Cheng, "Opinion observer: Analyzing and
comparing opinions on the web," in Proc. 14th Int. Conf. World Wide
Web, 2012.

W. Medhat, A. Hassan, and H. Korashy, "Sentiment analysis algorithms
and applications: A survey," Ain Shams Eng. J., vol. 5, no. 4, pp. 1093-
1113, 2014. https://doi.org/10.1016/j.asej.2014.04.011

M. Taboada, J. Brooke, M. Tofiloski, K. Voll, and M. Stede, "Lexicon-
based methods for sentiment analysis," Comput. Linguistics, vol. 37, no.
2, pp. 267-307, 2011. https://doi.org/10.1162/COLI_a_00049

E. Cambria, B. Schuller, Y. Xia, and C. Havasi, "New avenues in opinion
mining and sentiment analysis," /EEE Intell. Syst., vol. 28, no. 2, pp. 15-
21, 2013. https://doi.org/10.1109/MIS.2013.30

A. Vaswani et al., "Attention is all you need," Adv. Neural Inf. Process.
Syst., vol. 30, pp. 5998-6008, 2017.

Z. Wu, S. Nguyen, X. Zhao, and A. T. Luu, "Transformer-based neural
network models for natural language understanding," J. Artif. Intell. Res.,
vol. 70, pp. 451-465, 2021.

J. Devlin, M. W. Chang, K. Lee, and K. Toutanova, "BERT: Pre-training
of Deep Bidirectional Transformers for Language Understanding," arXiv
preprint arXiv:1810.04805, 2019.

X. Qiu, T. Sun, Y. Xu, Y. Shao, N. Dai, and X. Huang, "Pre-trained
models for natural language processing: A survey," Sci. China Technol.
Sci., vol. 63, no. 10, pp. 1872-1897, 2020.
https://doi.org/10.1007/s11431-020-1647-3

A. Rogers, O. Kovaleva, and A. Rumshisky, "A Primer in BERTology:
What we know about how BERT works," Trans. Assoc. Comput.
Linguistics, vol. 8, pp. 842-866, 2020.
https://doi.org/10.1162/tacl_a 00349

X. Jiao et al., "TinyBERT: Distilling BERT for Natural Language
Understanding," in Proc. 2020 Conf. Empirical Methods Nat. Lang.
Process., Findings, . 4163-4174, 2020.
https://doi.org/10.18653/v1/2020.findings-emnlp.372

V. Sanh et al., "DistilBERT, a distilled version of BERT: smaller, faster,
cheaper and lighter," arXiv preprint arXiv:1910.01108, 2019.

L. Turc et al., "Well-Read Students Learn Better: On the Importance of
Pre-training Compact Models," arXiv preprint arXiv:1908.08962, 2019.
Z. Lan et al., "ALBERT: A Lite BERT for Self-supervised Learning of
Language Representations," in Int. Conf. Learn. Representations, 2020.
W. Xu, Z. Zhang, and Y. Liu, "Understanding and Improving the
Robustness of ALBERT through Layerwise Adversarial Training," in
Proc. 2021 Conf. North Amer. Chapter Assoc. Comput. Linguistics:
Human Lang. Technol. (NAACL-HLT), pp. 1614-1625, 2021.

A. Chowdhery et al., "Analyzing Parameter Efficiency in Pre-trained
Language Models," Adv. Neural Inf. Process. Syst. (NeurIPS), 2021.

Z. Yang et al., "XLNet: Generalized autoregressive pretraining for
language understanding," Adv. Neural Inf. Process. Syst., vol. 32, pp.
5753-5763, 2020.

Z. Dai et al., "Transformer-XL: Attentive language models beyond a
fixed-length context," arXiv preprint arXiv:1901.02860, 2019.
https://doi.org/10.18653/v1/P19-1285

H. Zhang, G. Cheng, Q. Liu, and J. Wang, "Transformer-XL:
Transferring from Vision to Language by Long-Term Memory," arXiv
preprint arXiv:2101.11605, 2021.

W. Wu et al., "Fastformer: Additive attention can be all you need," arXiv
preprint arXiv:2108.09084, 2021.

L. Zhou, X. Ren, and M. Sun, "Enhancing transformer models for text
summarization with global context modeling," Trans. Assoc. Comput.
Linguistics, vol. 10, pp. 327-342, 2022.

VOLUME 24(1), 2025

[31]

[32]

[33]

[34]

[36]

[37]

J. Chen, Y. Li, and H. Wang, "Efficient transformer models for long text
sequences: A survey and experimental evaluation," J. Artif. Intell. Res.,
vol. 68, pp. 123-145, 2023.

R. Ahmed, T. Ali, and S. Hussain, "Comparative evaluation of
Transformer models for sentiment analysis on multilingual datasets," J.
Mach. Learn. Res., vol. 25, no. 1, pp. 1-19, 2024.

T. Nguyen, H. Nguyen, and M. Nguyen, "Leveraging global context for
improved text classification: An empirical study," J. Mach. Learn. Res.,
vol. 24, no. 1, pp. 45-68, 2023.

Y. Wang, Y. Yang, and H. Zhao, "Comprehensive evaluation of
sentiment analysis techniques: A comparison of multi-class classification
and preprocessing methods," J. Comput. Linguistics, vol. 49, no. 1, pp.
112-128,2023.

C. D. Manning et al, "The Stanford CoreNLP Natural Language
Processing Toolkit," in Proc. 52nd Annu. Meet. Assoc. Comput.
Linguistics: Syst. Demonstrations, pp. 55-60, 2020.

A. Joulin et al., "Bag of Tricks for Efficient Text Classification," in Proc.
15th Conf. Eur. Chapter Assoc. Comput. Linguistics, pp. 427-431, 2017.
https://doi.org/10.18653/v1/E17-2068

J. Chen, Y. Li, and H. Wang, "A survey on evaluation metrics for
classification and information retrieval: A comparative study," J. Mach.
Learn. Res., vol. 24, no. 1, pp. 1-45, 2023.

J. Chung and J. Hwang, "Understanding and improving the performance
of classification models using a comprehensive evaluation framework,"
J. Mach. Learn. Res., vol. 22, no. 75, pp. 1-30, 2021.

A.-L. Boulesteix and M. Slawski, "A comprehensive review of the
Receiver Operating Characteristic (ROC) curve in machine learning
research," J. Mach. Learn. Res., vol. 22, no. 99, pp. 1-46, 2021.

Norhazwani Md Yunos obtained M.Sc.
Mathematics specializing in Operations
Research from Universiti Teknologi
Malaysia (UTM) and received Ph.D in
Informatics from Kyoto University, Japan.
Currently, she is a Senior Lecturer at the
Department of Intelligent Computing and
Analytics, Faculty of Artificial Intelligence
and Cyber Security, Universiti Teknikal
Malaysia Melaka (UTeM). Inspired by her
interest in operations research, analytics
and applied Artificial Intelligence, she is

willing to further her research scope into diverse subjects like
sentiment analysis.

Camellia Doroody received her Master’s
and PhD in Electrical Engineering from
the National Energy  University
(UNITEN), specializing in artificial
intelligence, nanotechnology, and thin-
film coating. Since 2022, she has been a
postdoctoral researcher at UNITEN’s
Institute of Sustainable Energy,
collaborating with researchers
worldwide. Currently, she is the Chief
R&D Manager at Zhejiang Xingyu
Electromechanical Technology Co., Ltd.
in China, where she leads pioneering

projects to integrate advanced photovoltaic technology into
electric vehicle systems (PVEV).

Adibah Hasya Jamari received
Bachelor's in Electronic Engineering with
Honours and Master's in Technology
(Data Science and Analytics) from
Universiti Teknikal Malaysia Melaka
(UTeM). She is currently a Solution
Executive at Zanroo Malaysia Sdn Bhd,
specializing in chatbot development and
generative Al with Dialogflow. Previously,
she was an Insight Analyst, providing
social media data insights for Financial
Services and FMCG industries.

33



Norhazwani Md Yunos et al. / International Journal of Computing, 24(1) 2025, 28-34

5

\‘/

)
5
\\_/

CiSy

1

Halizah  Basiron  received  M.Sc.
Interactive Computing System Design
from Loughborough Uni, UK and Ph.D
Computer Science from Univ of Otago,
NZ. Currently, she is a Senior Lecture at
the Department of Intelligent Computing
and Analytics, Faculty of Atrtificial
Intelligence and  Cyber Security,
Universiti Teknikal Malaysia Melaka
(UTeM), Malaysia. Her research interest is
natural language processing especially
on sentiment analysis, subjective
identification and corpus development on

(multilingual) written text.

34

Zuraida Abal Abas is currently an
Associate Professor at the Department
of Intelligent Computing and Analytics,
Faculty of Artificial Intelligence and
Cyber Security, Universiti Teknikal
Malaysia Melaka (UTeM). She obtained
M.Sc. in Operational Research from
London School of Economics (LSE) and
received Ph.D in Mathematics from
Universiti Teknologi Malaysia (UTM).
Inspired by her interest in mathematics,
operational research and analytics, she
is interested in expanding her research

areas in multidisciplinary fields and establishing collaborative
research with other institutions and industry partners.

VOLUME 24(1), 2025



